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Abstract: Non-contact heart rate monitoring from facial videos utilizing remote photoplethysmogra-
phy (rPPG) has gained significant traction in remote health monitoring. Given that rPPG captures the
dynamic blood flow within the human body and constitutes a time-series signal characterized by pe-
riodic properties, this study introduced a three-dimensional convolutional neural network (3D CNN)
designed to simultaneously address long-term periodic and short-term temporal characteristics for
effective rPPG signal extraction. Firstly, differential operations are employed to preprocess video data,
enhancing the face’s dynamic features. Secondly, building upon the 3D CNN framework, multi-scale
dilated convolutions and self-attention mechanisms were integrated to enhance the model’s tem-
poral modeling capabilities further. Finally, interpolation techniques are applied to refine the heart
rate calculation methodology. The experiments conducted on the UBFC-rPPG dataset indicate that,
compared with the existing optimal algorithm, the average absolute error (MAE) and the root mean
square error (RMSE) realized significant enhancements of approximately 28% and 35%. Additionally,
through comprehensive analyses such as cross-dataset experiments and complexity analyses, the
validity and stability of the proposed algorithm in the task of heart rate estimation were manifested.

Keywords: rPPG; self-attention; 3D CNN
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1. Introduction

Heart rate is a crucial physiological parameter of the human body and is widely
applied in medical fields and health monitoring. Traditional heart rate measurement is
mainly achieved through electrocardiogram (ECG) [1] and photoplethysmograph (PPG) [2]
signals. Although these two techniques are mature and accurate, they require direct skin
contact. Accurately obtaining ECG and PPG signals from patients with skin conditions and
newborn infants poses significant challenges, making real-time monitoring difficult. The ad-
vancement and widespread adoption of artificial intelligence technology and telemedicine
indicate that non-contact, real-time heart rate measurement methods are poised to be-
come a significant trend in future developments. Non-contact physiological parameter
measurement methods based on rPPG technology have developed rapidly in recent years.
Researchers have successfully applied rPPG signals to measure multiple physiological
parameters such as heart rate, heart rate variability, respiratory rate, and blood oxygen
level [3–7]. However, regardless of which physiological parameter is measured, extract-
ing a robust and accurate rPPG signal from the facial video is necessary. However, the
motion artifacts and light intensity usually influence the facial video collection. Therefore,
extracting stable and accurate rPPG signals constitutes a challenging task.
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In 2008, Verkruysse et al. [8] were the first to obtain the periodic variations in the skin
surface color by detecting consecutive facial videos and successfully extracting the remote
PPG signal, namely the rPPG signal. This approach has established a novel direction for
non-contact physiological signal detection and has become the foundation for subsequent
research. The rPPG signal extraction algorithm has progressively evolved with ongoing
technological advancements, leading to various implementation pathways. Currently,
rPPG signal extraction algorithms are mainly classified into traditional and deep learning
methods. Among the traditional methods, there are primarily blind source separation
(BSS) algorithms (independent component analysis (ICA) [3], principal component analysis
(PCA) [9]) and model-based methods (chrominance-based method (CHROM) [10], plane
orthogonal to the skin (POS) [11]). BSS depends on the assumption that the source signals
are independent or uncorrelated. These methods have a certain robustness to the mixture of
noise and signals. However, its performance is unsatisfactory when dealing with complex
nonlinear signals (such as optical property changes caused by skin pigmentation changes).
Meanwhile, the model-based methods need more flexibility in response to environmental
changes (such as changes in illumination) or individual differences of the subjects (such
as different skin pigment concentrations, among others) and thus need help coping with
these changes.

In contrast to the previously mentioned traditional methods that depend on prior
knowledge for support, deep learning, which is fundamentally data-driven, demonstrates
greater robustness against the diverse noise in facial data. Špetlík et al. [12] pioneered an
end-to-end heart rate prediction model in which a 2D CNN served as the signal extractor,
and the extracted rPPG signal was input into an HR estimator to output the predicted
heart rate. Chen and McDuff [5] proposed the DeepPhys model with a VGG architecture
incorporating motion representation and an attention mechanism, demonstrating greater
robustness against illumination and motion artifacts. Because 2D CNN is deficient in
the capacity to extract temporal information, and temporal information significantly im-
pacts the extraction of rPPG signals, researchers have progressively inclined their research
emphasis towards the extraction of temporal information. Yu et al. [13] adopted a 3D
CNN network model in the rPPG signal task, which added temporal dimension modeling
compared with 2D CNN, yielding a notable performance improvement. Subsequently,
refs [6,14,15] all based their models on 3D CNN and enhanced the representational capa-
bilities in corresponding dimensions by integrating attention mechanisms. Researchers
have also explored the combination of CNN and RNN to better acquire temporal features
from facial video data. Huang et al. [16] proposed a novel approach that combined 3D
CNN with LSTM, enabling 3D CNN to extract spatial features and short-term temporal
information from each video frame and LSTM to capture long-term temporal information
from consecutive frames. Wang [17] employed a two-stream network for feature extraction
and signal extraction. Based on 2D CNN, the feature extraction stream was utilized to
extract synchronous spatial features from the spatial-temporal map. The signal extraction
stream consisted of a combination of 2D CNN and LSTM, where 2D CNN was applied to
extract the initial rPPG signal, and two layers of LSTM were used for further refinement of
the initial signal. The outputs of the two streams were combined and served as the input
for the HR estimator. While LSTM is adept at capturing certain long-term dependencies,
it may encounter challenges such as gradient vanishing or explosion when processing ex-
tremely lengthy time series, limiting its ability to capture long-term temporal characteristics
effectively. In contrast, the Transformer [18] model leverages a self-attention mechanism
to acquire global contextual information more efficiently, thereby providing significant
advantages in extracting rPPG signals.

Models leveraging the Vision Transformer [19], including the Physformer model
introduced by Yu et al. [20] and the EfficientPhys model developed by Liu et al. [21],
have demonstrated commendable performance in this study. However, within the current
landscape of rPPG datasets, a large-scale dataset that can fully exploit the performance
potential of the Transformer architecture has yet to materialize. In response to this challenge,
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Yu et al. employed model pre-training and data augmentation techniques. Considering the
unique characteristics of rPPG data and the constraints posed by available data approaches
that integrate convolutional neural networks (CNNs) with self-attention mechanisms
exhibit significant advantages.

This study presented an adaptable rPPG signal extraction method built upon an
encoder–decoder structure with a 3D CNN backbone network. The addition of a long
short-term temporal self-attention module (LST-SAM) to the backbone network enhances
its adaptability. This module uses parallel multi-scale dilated convolutions for short-term
temporal dependency modeling. The multi-scale short-term temporal features are first
fused. Then, a self-attention mechanism is applied to assign appropriate attention weights
to long-term temporal dependencies. Finally, skip connections complement the backbone
network’s spatial-temporal encoding features to achieve long short-term temporal feature
modeling. The adaptability of this method makes it a promising solution for a variety of
rPPG tasks.

2. Long Short-Term Attention rPPG Network

Figure 1 presents the overall framework of the heart rate estimation algorithm based
on the fusion of long-term and short-term temporal features proposed in this study. Firstly,
the face region of the face video undergoes preprocessing such as detection, cropping, and
differencing. Secondly, the preprocessed data are input into the Long Short-Term Attention
rPPG Network (LSTA-rPPGNet) to extract rPPG signals. Subsequently, signal filtering and
the Fast Fourier Transform (FFT) are used to calculate the power spectral density (PSD).
The Akima interpolation method then interpolates the PSD in the frequency domain to
determine the power value representing the heart rate. Finally, the heart rate is computed.
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2.1. LSTA-rPPGNet

Three-dimensional convolutional neural networks (3D CNNs) can effectively cap-
ture temporal dynamics and spatial features in video data by performing convolutional
operations across three dimensions (width, height, and time). This ability is crucial for
understanding dynamic changes in videos, such as subtle changes in facial expressions.
In contrast, 2D convolutional neural networks (2D CNNs) typically only capture spa-
tial features in static images and cannot fully utilize information in the time dimension.
Consequently, this study employs a model based on 3D CNN to achieve a more precise
understanding and analysis of dynamic changes present in video content.
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Figure 2 depicts the rPPG signal extraction network’s overall framework proposed
in this paper, with the backbone network adopting an encoder–decoder architecture. The
encoder progressively extracts temporal and spatial features from video frames through
a sequence of 3D convolutional blocks (3D convolution, batch normalization, and ReLU
activation function). Moreover, multiple 3D max-pooling operations are applied to the
feature map for down-sampling, enabling the extraction of multi-scale features while
preserving essential temporal and spatial information. During the feature encoding, a long
short-term temporal self-attention module is added through skip connections to enhance
the model’s ability to extract long-term sequential features. The feature map’s spatial
and temporal resolutions are reduced during encoding. In the decoder part, the network
employs deconvolution layers to gradually restore the temporal resolution and restore the
temporal information to the original frame rate through the up-sampling operations of the
feature map. Eventually, an rPPG signal matching the temporal length of the input video is
generated using adaptive average pooling and 1×1 convolutional layers.
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Figure 2. The model diagram of Long-Short Term Attention rPPG Network (LSTA-rPPGNet), where
Conv3D Block represents a sequence of 3D convolutional blocks (3D convolution, batch normalization,
and ReLU activation function). Maxpool-3D represents 3D max pooling, LST-SAM represents Long-
Short Term Self-Attention Module, and ConvTrans3D represents 3D transposed convolution.

Table 1 provides a detailed description of the network structure. The name indicates
the operation within each layer structure. Conv3D represents the 3D convolution structure,
and 3D BatchNorm and ReLu operations follow each 3D convolution. ConvTrans3D
represents the three-dimensional transposed convolution, and MaxPool represents the 3D
max pooling operation. Except Conv3D-10, which uses a stride of (1,1,1) and zero padding,
all other 3D convolution operations are performed with a stride of (1,1,1) and padding of
(1,1,1). In contrast, the 3D transposed convolution operation is carried out with a stride of
(2,1,1) and padding of (1,0,0). Kernel represents the size of the convolution kernel, where
16 × 3 × 3 × 3 indicates 16 convolution kernels of size 3 × 3 × 3. Output size represents
the size of the features output by each layer operation, namely the number of channels,
time, height, and width.
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Table 1. Network structure.

Name Kernel Output Size

Input None 3 × T × 72 × 72
Conv3D-1 16 × 3 × 3 × 3 16 × T × 72 × 72
Conv3D-2 16 × 3 × 3 × 3 16 × T × 72 × 72
MaxPool-1 2 × 2 × 2 16 × T/2 × 36 × 36
Conv3D-3 32 × 3 × 3 × 3 32 × T/2 × 36 × 36
Conv3D-4 32 × 3 × 3 × 3 32 × T/2 × 36 × 36
MaxPool-2 2 × 2 × 2 32 × T/4 × 18 × 18
Conv3D-5 64 × 3 × 3 × 3 64 × T/4 × 18 × 18
Conv3D-6 64 × 3 × 3 × 3 64 × T/4 × 18 × 18
MaxPool-3 2 × 2 × 2 64 × T/8 × 9 × 9
Conv3D-7 64 × 3 × 3 × 3 64 × T/8 × 9 × 9

ConvTrans3D 64 × 4 × 1 × 1 64 × T/4 × 9 × 9
Conv3D-8 64 × 3 × 3 × 3 64 × T/4 × 9 × 9

ConvTrans3D 64 × 4 × 1 × 1 64 × T/2 × 9 × 9
Conv3D-9 64 × 3 × 3 × 3 64 × T/2 × 9 × 9

ConvTrans3D 64 × 4 × 1 × 1 64 × T × 9 × 9
Conv3D-9 64 × 3 × 3 × 3 64 × T × 9 × 9
MaxPool-4 1 × 9 × 9 64 × T × 1 × 1
Conv3D-10 1 × 1 × 1 × 1 1 × T × 1 × 1

2.2. Long Short-Term Self-Attention Module (LST-SAM)

In extracting rPPG signals, the characteristics associated with varying time durations
are critically important for analytical outcomes. Given that rPPG signals are susceptible
to noise and interference from factors such as head movement and lighting variations,
incorporating convolutional kernels of different temporal lengths can effectively mitigate
these short-term disturbances, thereby enabling the model to focus on long-term features
of physiological relevance. Specifically, shorter time windows are adept at capturing rapid
signal fluctuations, such as instantaneous changes in heart rate. In comparison, longer
time windows facilitate the identification of more stable physiological trends (e.g., periodic
variations in heartbeats). Consequently, based on 3D CNN, we integrated the long short-
term temporal self-attention module (LST-SAM) to enable the model to extract features
across varying temporal scales and enhance its adaptability to complex signals.

As shown in Figure 3, this module encompasses a Short-Term Temporal Feature
Extractor (STE) and a Long-Term Temporal Feature Extractor (LTE). The STE module is
composed of dilated convolutions with varying dilation factors in the temporal dimension.
This module effectively models features across various temporal spans in the short term
by employing dilated convolutions with different dilation factors. Smaller dilation factors
are more adept at capturing short-term information, while larger dilation factors facilitate
the extraction of features over extended time ranges. This multi-scale processing strategy
allows for the effective extraction of subtle variations and long-term trends within rPPG
signals. The core mechanism of the LTE module is self-attention, which follows the STE
module and employs a self-attention mechanism to assign distinct weights to features
at different time steps, thereby enabling global weighting in the temporal dimension.
This process emphasizes features with long-term dependencies within rPPG signals while
disregarding transient noise or irrelevant information, thus facilitating comprehensive
modeling of the entire time series data. The STE module provides temporally diverse
feature scales for the long-term attention module, allowing it to perform global weighting
based on richer temporal information and ensure that short-term details and long-term
trends in rPPG signal patterns receive appropriate attention.
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2.2.1. Short-Term Temporal Feature Extractor

In conventional CNNs, the convolution operation samples on consecutive pixels or fea-
ture maps, which results in a relatively limited receptive field size. Dilated convolution [22]
enables a larger receptive field through interval sampling, allowing the model to perceive
broader contextual information. This is highly beneficial for semantic segmentation or time
series analysis tasks. In this research, parallel dilated convolution along the temporal di-
mension was employed. By utilizing different dilation rates, temporal features of different
scales could be extracted concurrently. This multi-scale feature extraction capability enables
the model to better capture the details and variations in the data. During the extraction
process of rPPG signals, temporal information’s continuity and integrity are paramount.
Multi-scale dilated convolution reduces the likelihood of temporal information loss by
retaining more input information during the convolution process, thereby enhancing the
model’s performance.

As shown in the Short-Term Temporal Feature Extractor in Figure 3, following the
spatial dimension flattening of feature F(C, T, H, W), a 2D representation f (C, T, H × W)
is derived. Subsequently, f is subjected to dilation convolution with a convolution kernel
Wd of size 3 × 3, where d is the dilation coefficient. The convolution kernel is exclusively
expanded in the temporal dimension to achieve scale-invariant temporal features while
maintaining spatial information. Short-term temporal features of varying time lengths
can be extracted using varying degrees of dilated convolution and receptive fields of
different sizes. Subsequently, the features obtained from these three dilation convolutions
are concatenated. This process is aimed at obtaining Fc, which enables the acquisition of
multi-scale temporal features. The above steps can be summarized as follows:

f = ϕ(F), (1)

Fc = concat( f ∗ Wd) d = 1, 2, 3, (2)

in which ϕ(·) represents the flattening process of the spatial dimension, and concat(·)
represents the feature concatenation in the channel dimension.

2.2.2. Long-Term Temporal Feature Extractor

Since the self-attention mechanism was introduced, its exceptional performance in
Transformer models has clearly demonstrated its robust capability for global feature mod-
eling. Due to its superior ability to model long-range spatial dependencies in computer
vision, the self-attention mechanism has been widely employed in tasks such as image
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segmentation and action recognition. This study aimed to extend the advantages of the
self-attention mechanism to global temporal feature extraction and investigate its potential
applications in long-term dependency modeling.

This is shown in Figure 3 of the Long-Term Temporal Feature Extractor (LTE).In this
module, we incorporated the non-local mechanism [23], which fundamentally operates as a
self-attention mechanism. The fundamental concept of non-local is to compute an attention
mask M of size T × T to store the contextual relationships among all frame features. After
obtaining the short-term temporal features Fc concatenated by dilation convolution, three
1 × 1 convolutional layers are initially applied to generate the feature maps B, C, and F′

c .
Then, the feature map B is transposed and subjected to matrix multiplication with C, and a
T × T-sized long-term attention mask is obtained using the softmax function. Finally, the
long-term temporal attention weighting of F′

c is achieved through matrix multiplication
with the attention mask M, and a skip connection is made with Fc. The fused features are
reshaped into the same shape as Fi:

M = σ(θ(B)× C), (3)

F′
i = δ(W ∗ (F′

c × M) + Fc), (4)

in which θ(·) represents matrix transposition, σ(·) represents the softmax operation, and
δ(·) represents the reshape operation.

2.3. Loss Function

In the domain of heart rate estimation, the primary objective is to extract an rPPG
signal that closely aligns with the shape of the authentic PPG signal. Loss functions such
as mean absolute error (MAE) and mean squared error (MSE) emphasize the amplitude
discrepancies between predicted values and actual measurements. However, in rPPG
signals, amplitude variations may occur due to external factors such as lighting conditions
and skin tone differences. The negative Pearson correlation coefficient is independent of
absolute signal amplitudes and instead emphasizes the correlation between signals, thus
providing greater robustness against these amplitude fluctuations. Consequently, this study
employs the negative Pearson correlation coefficient as its loss function, defined by the
following formula:

Loss = 1 − ∑T
i=1 (x(i)− x)(y(i)− y)√

∑T
i=1 (x(i)− x)2

√
∑T

i=1 (y(i)− y)2
′ (5)

In this equation, x(i) denotes the predicted rPPG signal at time i, y(i) denotes the actual
rPPG signal at time i, and T represents the length of the rPPG signal. Both x and y signify the
mean values of their respective signals. The Pearson correlation coefficient, which ranges
from −1 to +1, quantifies the similarity between these two signals. A correlation value
of −1 indicates a perfect negative correlation between the two signals, while 0 signifies
no linear correlation. Conversely, a value of +1 indicates a perfect positive correlation.
This study aimed to predict an rPPG signal strongly correlated with the ground truth PPG
signal, with an optimal goal of achieving a correlation coefficient as close to 1 as possible.

3. Experiment and Results Analysis

To assess the advantages of the proposed algorithm, we conducted comparative
experiments against other algorithms using two benchmark datasets. Additionally, ablation
studies were performed to evaluate the effectiveness of the proposed LST-SAM module.
All models discussed in this section were trained on PyTorch utilizing NVIDIA A800
GPUs. This study employed the Adam optimizer with a learning rate set at 5 × 10−4. The
performance of the algorithm was assessed using three metrics: mean absolute error (MAE),
root mean square error (RMSE), and Pearson correlation coefficient (r)
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3.1. Dataset

UBFC-rPPG [24] is a dataset for rPPG analysis, encompassing 42 videos of 42 subjects
(31 males and 11 females), along with the corresponding ground truth rPPG values and
heart rates. Each video has an approximate duration of 2 minutes and was acquired at a rate
of 30 frames per second via a low-cost webcam (Logitech C920 HD Pro) with a resolution
of 640 × 480 in uncompressed 8-bit RGB format. The PPG signals and HR were acquired
using a CMS50E transmissive pulse oximeter as the ground truth values for the videos. The
videos were recorded indoors with different natural light and illuminations. The subjects
were seated approximately one meter away from the camera with their faces fully visible,
and they were required to participate in a time-sensitive math game, aiming to increase
their heart rates and thereby simulate a natural human-computer interaction scenario.

PURE [25] dataset comprises ten subjects (eight males and two females). Each subject
has six distinct activities (steady state, speaking, slow head rotation, fast head rotation,
small-scale head rotation, and medium-scale head rotation). There are 60 videos, each
approximately 1 min in duration. All the videos are captured by an industrial camera
at 30 fps, with a spatial resolution of 640 × 480 pixels. The pulox CMS50E finger pulse
oximeter acquires the ground truth PPG signal at a sampling rate of 60 Hz.

3.2. Video Data Preprocessing

This study conducted comparative experiments on video sample length, facial region
resolution size, and data augmentation based on differential operations to verify the neces-
sity of preprocessing strategies. Through these experiments, we were able to thoroughly
assess the impact of different parameter settings on data quality and model performance.
These provided a solid foundation for finalizing the preprocessing strategy and ensured
the reliability and validity of the experimental results.

3.2.1. Video Sample Length Comparison Experiment

The extraction of rPPG signals from facial videos is significantly influenced by the
length of the video sample. Shorter segments may inadequately capture sufficient heartbeat
cycles, resulting in unstable or incomplete rPPG signals. Conversely, longer videos can
offer more heartbeat cycles to enhance signal stability and accuracy, but they also increase
noise and computational complexity and time. This study conducted a comparative
analysis involving 72, 128, 180, and 240 frames, with the facial region size standardized to
72 × 72 pixels to ascertain an optimal video length. Figure 4 illustrates the results.
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As illustrated in Figure 4, when the sample length is 128 frames, the MAE and RMSE
attain their minimum values, resulting in optimal experimental outcomes. This phe-
nomenon can be attributed to the normal human heart rate, which typically ranges from 60
to 120 beats per minute (i.e., approximately 1 to 1.67 beats per second). Considering a video
frame rate of 30 fps, the duration corresponding to 128 frames is roughly 4.27 s, allowing for
coverage of approximately 4 to 7 heartbeat cycles. The selection of a duration of 128 frames
facilitates the extraction of complete and stable rPPG signals while minimizing excessive
motion artifacts and mitigating long-term signal drift effects. This specific length effectively
balances signal quality with computational complexity. In contrast, shorter video lengths
(e.g., 72 frames) may provide inadequate coverage of heartbeat cycles, leading to unstable
signal extraction; conversely, longer videos (e.g., 180 or 240 frames), while offering more
information, significantly escalate computational complexity and time costs and may also
result in capturing irrelevant noise or motion artifacts. Therefore, this study adopts a
preprocessing strategy establishing each video’s sample length at 128 frames.

3.2.2. Resolution Comparison Experiment

The resolution size of the facial area significantly impacts the experimental outcomes
in rPPG signal extraction. High resolution enhances the signal’s precision and quality;
however, it also increases computational complexity and is more susceptible to lighting
conditions and motion artifacts. Conversely, lower resolution may improve processing
speed and robustness but can result in a loss of critical signal details. Following determining
video length, a comparative experiment was conducted on facial area size while maintaining
a fixed video length of 128 frames. As illustrated in Figure 5, the face was initially located
using four specific positions among the 68 landmarks, after which the facial area was
enlarged by 1.5 times and cropped, as shown in Figure 5b. Subsequently, resolutions were
adjusted to sizes of 48 × 48, 72 × 72, 128 × 128, and 156 × 156 respectively, as presented in
Figure 5c. The results from these experiments are depicted in Figure 6.

Mathematics 2024, 12, x FOR PEER REVIEW 10 of 17 
 

 

 
Figure 5. Facial region preprocessing. 

 
Figure 6. Comparison of resolution size. (The downward arrows next to MAE and RMSE in the 
legend indicate that lower values are better, meaning that smaller error values represent improved 
performance.) 

As can be observed from Figure 6, the facial area resolution of 72 × 72 pixels yields 
the most favorable results. In larger images (e.g., 128 × 128 pixels), despite the higher 
resolution, these additional pixels may not provide more valuable signal information; 
instead, they could increase data redundancy, rendering the rPPG signal more susceptible 
to noise during processing. Furthermore, rPPG signals predominantly depend on overall 
color variations of the face instead of precise pixel-level details. Consequently, a lower 
resolution (such as 72 × 72 pixels) is likely sufficient to capture these changes without 
introducing extraneous detail noise. A resolution of 48 × 48 pixels may be low, leading to 
significant image distortion and substantial loss of spatial information, thereby hindering 
feature extraction. Therefore, this study adopts a preprocessing strategy that sets the facial 
area resolution at 72 × 72 pixels. 

3.2.3. Data Augmentation (Overlapping, Difference) 
A video segment was created to augment the data samples by moving every 30 

frames, with an overlap of 98 frames between adjacent segments. An inter-frame 
difference operation was performed on the original data to capture the minute color 
variations in the face between consecutive video frames and amplify these subtle changes. 
We conducted a comparative experiment to validate the efficacy of the inter-frame 
difference operation under the condition of fixed sample length and size. Table 2 presents 
the results. 

  

Figure 5. Facial region preprocessing.

Mathematics 2024, 12, x FOR PEER REVIEW 10 of 17 
 

 

 
Figure 5. Facial region preprocessing. 

 
Figure 6. Comparison of resolution size. (The downward arrows next to MAE and RMSE in the 
legend indicate that lower values are better, meaning that smaller error values represent improved 
performance.) 

As can be observed from Figure 6, the facial area resolution of 72 × 72 pixels yields 
the most favorable results. In larger images (e.g., 128 × 128 pixels), despite the higher 
resolution, these additional pixels may not provide more valuable signal information; 
instead, they could increase data redundancy, rendering the rPPG signal more susceptible 
to noise during processing. Furthermore, rPPG signals predominantly depend on overall 
color variations of the face instead of precise pixel-level details. Consequently, a lower 
resolution (such as 72 × 72 pixels) is likely sufficient to capture these changes without 
introducing extraneous detail noise. A resolution of 48 × 48 pixels may be low, leading to 
significant image distortion and substantial loss of spatial information, thereby hindering 
feature extraction. Therefore, this study adopts a preprocessing strategy that sets the facial 
area resolution at 72 × 72 pixels. 

3.2.3. Data Augmentation (Overlapping, Difference) 
A video segment was created to augment the data samples by moving every 30 

frames, with an overlap of 98 frames between adjacent segments. An inter-frame 
difference operation was performed on the original data to capture the minute color 
variations in the face between consecutive video frames and amplify these subtle changes. 
We conducted a comparative experiment to validate the efficacy of the inter-frame 
difference operation under the condition of fixed sample length and size. Table 2 presents 
the results. 

  

Figure 6. Comparison of resolution size. (The downward arrows next to MAE and RMSE in the legend
indicate that lower values are better, meaning that smaller error values represent improved performance).



Mathematics 2024, 12, 3444 10 of 16

As can be observed from Figure 6, the facial area resolution of 72 × 72 pixels yields
the most favorable results. In larger images (e.g., 128 × 128 pixels), despite the higher
resolution, these additional pixels may not provide more valuable signal information;
instead, they could increase data redundancy, rendering the rPPG signal more susceptible
to noise during processing. Furthermore, rPPG signals predominantly depend on overall
color variations of the face instead of precise pixel-level details. Consequently, a lower
resolution (such as 72 × 72 pixels) is likely sufficient to capture these changes without
introducing extraneous detail noise. A resolution of 48 × 48 pixels may be low, leading to
significant image distortion and substantial loss of spatial information, thereby hindering
feature extraction. Therefore, this study adopts a preprocessing strategy that sets the facial
area resolution at 72 × 72 pixels.

3.2.3. Data Augmentation (Overlapping, Difference)

A video segment was created to augment the data samples by moving every 30
frames, with an overlap of 98 frames between adjacent segments. An inter-frame difference
operation was performed on the original data to capture the minute color variations in the
face between consecutive video frames and amplify these subtle changes. We conducted
a comparative experiment to validate the efficacy of the inter-frame difference operation
under the condition of fixed sample length and size. Table 2 presents the results.

Table 2. Differential operation comparison experiment (✓ represents differential, while ✗ represents
non-differential).

Difference MAE RMSE Pearson

✗ 0.76 1.68 0.98
✓ 0.58 0.97 0.99

The results in Table 2 show that the facial video data after differential processing
exhibited a marked improvement compared with that without difference processing. The
inter-frame difference operation can effectively mitigate the interferences caused by lighting
variations and facial movements, enhance the weak signal features related to blood flow,
and enhance the signal-to-noise ratio and extraction precision.

3.3. Optimization of Heart Rate Algorithm

In numerous prior studies, researchers typically began by applying bandpass filtering
to the estimated rPPG signal to eliminate noise and interference before calculating the max-
imum power spectral density of the rPPG signal. The corresponding frequency identified
was considered the dominant frequency indicative of heart rate. However, this approach
has a significant limitation: the frequency resolution of the Fast Fourier Transform (FFT) is
constrained by the length of the signal, resulting in relatively low-frequency resolution that
may hinder the precise identification of frequency components.

In light of this limitation, this study implemented a 0.75–2.5 Hz bandpass filter on
the PPG signal and applied symmetric zero-padding at both ends of the signal. Following
spectrum calculation for the PPG signal, Akima [26] interpolation was performed. Among
these operations, symmetric zero-padding effectively enhances frequency resolution, im-
proving accuracy in identifying frequency components—a critical factor in high-precision
scenarios such as heart rate detection. Akima interpolation is a local method that produces
smooth transitions between data points, effectively addressing minor signal amplitude vari-
ations while avoiding oscillation artifacts. Following the computation of the PSD, Akima
interpolation can be applied to achieve smooth interpolation along the frequency axis,
thereby enhancing the clarity of peaks within the signal that represent heart rate frequency
components. This improvement facilitates more accurate localization of peak frequencies
in the spectrum, ultimately increasing the precision of heart rate calculations. Since rPPG
signals are often affected by ambient light and motion noise, irregular fluctuations can
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occur in the spectrum. Akima interpolation effectively handles boundaries and disconti-
nuities, reducing the impact of anomalous data points and irregularities. Consequently,
PSD curves processed through Akima interpolation provide a more accurate representation
of the actual spectral characteristics of signals, reducing frequency deviations and errors
associated with noise. The results are summarized in Table 3:

Table 3. Comparison of algorithm optimization experiments (✓ represents Akima interpolation,
while ✗ represents non- interpolation).

Optimization MAE RMSE Pearson

✗ 0.63 2.11 0.98
✓ 0.58 0.97 0.99

Table 3 above shows that, after Akima interpolation, the heart rate’s RMSE error is
significantly reduced compared with the case without interpolation. The heart rate peaks
can be positioned more precisely on the frequency axis through symmetric padding and
spectrum interpolation, thereby reducing extreme errors in heart rate estimation. Such
interpolation can effectively correct more significant errors, reducing extreme errors and
decreasing the RMSE.

3.4. Comparison Experiments with Different Methods

We initially conducted independent training and testing on the UBFC-rPPG to validate
the proposed algorithm’s performance. We partitioned 42 video sets into training and test-
ing sets at a ratio of 7:3. Concurrently, we merely adopted the overlapping video segment
cropping approach described in the preprocessing mentioned above for the training data.
For the testing data, the created video segments don’t overlap.

In our implementation, we utilized the rPPG open-source toolkit [27] to implement
two traditional methods, POS [11] and CHROM [10], and deep learning-based methods
such as PhysNet [13], DeepPhys [5], and EfficientPhys [21]. PhysNet employed a 3D CNN
encoder and decoder structure similar to the baseline architecture in our study, with the
same preprocessing method as in this study. DeepPhys adopted a combination of Motion
Model and Appearance Model branches to enhance the feature modeling capability of the
algorithm, maintaining the original preprocessing method. EfficientPhys proposed two
approaches, including the CNN version and the Transformer version, and it is precisely
the CNN version that was replicated in this study. This method not only performed
differential processing but also conducted batch norm processing on the data. The network
model employed temporal shift modules and self-attention mechanisms to model spatial-
temporal features.

As shown in the results of the comparative experiment in Table 4, compared with the
two traditional methods, POS and CHROM, the deep learning-based methods have lower
MAE and RMSE, indicating that the deep learning-based methods have higher accuracy
and stability. Among them, DeepPhy significantly enhanced the dynamic feature modeling
capability of the algorithm through the Motion Model branch, and both MAE and RMSE
reduced considerably. EfficientPhys amplified the dynamic differences of facial video
data through differential and batch norm processing. Combining the time shift module
and the self-attention mechanism exhibits better performance. This model emphasizes
temporal features more than DeepPhys, highlighting the significance of temporal features
for the rPPG signal extraction task. PhysNet employs a 3D CNN encoder–decoder structure
combined with the cropping, differencing, and other preprocessing approaches adopted in
this study; this network achieves a superior error performance compared to DeepPhy and
EfficientPhys. The above comparative studies demonstrate that 3D CNNs have a distinct
advantage over 2D CNNs in extracting rPPG from facial videos and can exploit the implicit
spatiotemporal information in the video data to the greatest extent possible. Compared
with all other methods, the method proposed in this study exhibits superior performance
in all performance indicators, with MAE at 0.58, RMSE at 0.97, and r at 0.99.
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Table 4. Experimental results on the UBFC-rPPG dataset.

Method MAE RMSE Pearson

POS 2.44 6.61 0.94
CHROM 2.67 4.61 0.96

DeepPhys 0.92 2.59 0.97
EfficientPhys 0.87 2.38 0.98

PhysNet 0.81 1.54 0.98
Ours 0.58 0.97 0.99

Table 5 illustrates the complexity analysis of PhysNet, DeepPhys, EfficientPhys, and
our proposed method. Specifically, our method comprises 1.05 M parameters and 26.32 G
FLOPs, which presents a slightly higher computational complexity than PhysNet. However,
it requires less computation than EfficientPhys and DeepPhys while significantly improving
accuracy over PhysNet.

Table 5. Complexity comparison.

Method Params FLOPs

PhysNet 0.77 M 17.70 G
DeepPhys 2.23 M 163.54 G

EfficientPhys 2.16 M 82.66 G
Ours 1.05 M 26.32 G

Although PhysNet exhibits optimal performance in terms of FLOPs, its relatively low
parameter count may constrain its learning capacity. Conversely, although DeepPhys has
the highest parameter count, it also experiences a significant increase in FLOPs—suggesting
that more parameters do not always lead to better performance and may result in overfitting
and inefficient resource utilization. In contrast, our method attains superior accuracy
while maintaining comparatively lower computational complexity, thereby validating its
effectiveness and practicality.

3.5. Cross-Dataset Experiment

Cross-dataset validation enables a more comprehensive evaluation of the model’s
generalization ability, robustness, and credibility, particularly in cases involving diverse ap-
plication scenarios, and holds significant practical significance. Hence, this study conducted
a cross-dataset experiment of training on the PURE dataset and testing on the UBFC-rPPG
dataset to verify the generalization ability of the proposed method. The strategies adopted
for the training and testing data were the same as those mentioned above, except that
due to the more significant amount of test data, considering the entire video as one heart
rate sample was employed when calculating the heart rate error. Table 6 presents the
experimental results.

Table 6. Cross-dataset experimental results (PURE training, UBFC-rPPG testing).

Method MAE RMSE Pearson

PhysNet 2.30 5.97 0.94
DeepPhys 1.51 3.82 0.97

EfficientPhys 2.15 3.43 0.97
Ours 1.45 3.08 0.98

From Table 6, the performance of various methods shows varying degrees of increase
in MAE and RMSE when evaluated in cross-dataset experiments compared with their
performance on a single dataset. Nevertheless, the proposed method demonstrates supe-
rior performance across several error metrics relative to other deep learning approaches,
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achieving an MAE of 1.45, an RMSE of 3.08, and a Pearson correlation coefficient of 0.98.
This result indicates that the features extracted by the proposed algorithm exhibit enhanced
robustness and can capture universal characteristics related to rPPG signals applicable
across different datasets. Furthermore, this suggests that the algorithm possesses a height-
ened capacity for feature extraction, enabling it to identify critical information within the
data effectively.

3.6. Visualization Analysis

Figure 7 shows the overall performance of our heart rate prediction model. Each point
on the chart corresponds to a single independent prediction result. Ideally, all points should
cluster along the line y = x, meaning that the predicted value is the same as the actual value.
The graph clearly illustrates that most predicted points are tightly clustered around the ideal
line, indicating a high level of accuracy in our model. This dense distribution underscores
the reliability and stability of the model in heart rate prediction tasks, confirming that
our algorithm effectively extracts heart rate information from physiological signals and
facilitates precise predictions.
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In Figure 8a, the predicted rPPG signal is aligned with the ground truth signal in
the temporal dimension, especially regarding overall trends and waveform shapes. The
expected signal can roughly reflect the ground truth signal ‘s changing pattern. The central
peak frequency positions are consistent in the frequency spectrum. The primary frequency
component’s degree of matching between the predicted and ground truth signal is high.
Figure 8b shows the ground truth signal with apparent fluctuations in the time domain
waveform. They indicate that the rPPG signal is affected by various factors in actual
applications and may contain certain noise and irregular changes. However, the predicted
signal in the overall trend and waveform is highly consistent with the ground truth signal,
even maintaining consistency in the fluctuating areas. The central peak frequencies of the
ground truth signal and predicted signals are aligned in the frequency spectrum. This result
shows that our model still can stably extract the main physiological signals in complex
environments with high accuracy and robustness.
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3.7. Ablation Experiment

This study conducted a series of ablation experiments to verify the contribution of the
long-term and short-term temporal attention modules to the final result. The experimental
results are shown in Table 7.

Table 7. Results of the ablation experiment.

STE LTE MAE RMSE

✗ ✗ 0.95 1.65
✓ ✗ 0.90 1.45
✗ ✓ 0.75 1.35
✓ ✓ 0.58 0.97

In the Table 7, the best-performing values are highlighted in bold to indicate the lowest
error values, representing superior performance. The symbols ✓ and ✗ indicate whether the
module was applied or not, respectively. Compared with the baseline architecture, which
merely employs a 3D CNN encoder–decoder, adding the short-term or long-term temporal
feature module will improve MAE and RMSE. By contrast, concurrently using both modules
substantially reduced both types of errors. Thus, we can observe that both the modeling of
short-term and long-term temporal features contribute to the performance improvement of
the research algorithm. The simultaneous utilization of the two has significantly enhanced
the algorithm’s capacity for temporal feature modeling and conspicuously elevated the
overall performance of the baseline architecture.

4. Conclusions

This paper proposes a method for extracting rPPG signals based on the baseline archi-
tecture of the 3D CNN encoder–decoder. Furthermore, a long-term and short-term temporal
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self-attention module is introduced based on this baseline architecture for extracting and
integrating short-term and long-term temporal features, enhancing the spatial-temporal
feature modeling capability of the overall network architecture. Comparative experiments
on video length and the cropping size of facial regions were conducted during the experi-
mental stage to determine the appropriate data size. This study carried out experiments
on the UBFC-rPPG and PURE datasets to validate the superiority of the proposed method.
The experimental results demonstrated the state-of-the-art performance of the proposed
method in this study.
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